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Abstract 
Silica nanostructures are biologically available and find wide applications for drug delivery, 
catalysts, separation processes, and composites. However, specific adsorption of biomolecules on 
silica surfaces and control in biomimetic synthesis remain largely unpredictable. In this 
contribution, the variability and control of peptide adsorption on silica nanoparticle surfaces is 
explained as a function of pH, particle diameter, and peptide electrostatic charge using molecular 
dynamics simulations with the CHARMM-INTERFACE force field. Adsorption free energies 
and specific binding residues are analyzed in molecular detail, providing experimentally elusive, 
atomic-level information on the complex dynamics of aqueous electric double layers in contact 
with biological molecules. Tunable contributions to adsorption are described in the context of 
specific silica surface chemistry, including ion pairing, hydrogen bonds, hydrophobic 
interactions, and conformation effects. Remarkable agreement is found for computed peptide 
binding as a function of pH and particle size versus experimental adsorption isotherms and zeta-
potentials. Representative surface models were built using characterization of the silica surfaces 
by TEM, SEM, BET, TGA, ζ-potential, and surface titration measurements. The results show 
that the recently introduced interatomic potentials (Emami et al. Chem. Mater. 2014, 26, 2647) 
enable computational screening of a limitless number of silica interfaces to predict the binding of 
drugs, cell receptors, polymers, surfactants, and gases under realistic solution conditions at the 
scale of 1 to 100 nm. The highly specific binding outcomes underline the significance of the 
surface chemistry, pH, and topography. 
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1. Introduction 
Silicon dioxide, or silica, is widely available in mineral form, biologically enriched in organisms, 
and produced by laboratory synthesis.1-3 It is extensively used as a filler material in 
nanocomposites and tires, in separation media for liquids and gases, cosmetics, catalyst supports, 
and building materials. Porous silica nanoparticles that exploit specific interactions with 
biological molecules in aqueous solution are also used in drug delivery systems, biomarkers, 
sensors, and nano-reactors.4-10 The performance for this broad range of applications is often still 
evaluated by trial and error and results remain difficult to explain. For example, efforts to 
synthesize silica from precursors to replicate hierarchically organized silica-protein skeletons 
similar to diatoms, marine organisms,5, 11, 12 and plants have shown first successes in achievable 
structural order.7, 9, 13-17 However, fundamental insight into mechanisms and control of assembly 
remains incomplete even though many amino acid sequences, peptides and proteins from 
microorganisms, cellular templates, and designed ligands were tested.6-10, 14, 18  
 Therefore, better understanding of the role of the precursors, of the surface chemistry of 
silica formed, as well as of the competitive interactions with solvents and proteins could provide 
significant benefits to the rational engineering of silica-based materials. The effect of synthesis 
conditions, pH, buffer composition, and molecular conformation on materials formation is 
known to be critical.9, 19, 20 However, limitations of current laboratory instrumentation pose 
difficulties to answer questions related to silica biomineralization and specific molecular 
recognition at the scale of 1 to 100 nm  while complementary guidance from simulations can be 
very helpful.9, 18, 21-36 
 Studies by biopanning and molecular simulation with the polymer consistent force field 
(PCFF) extended to silica recently identified a range of contributions to specific adsorption of 
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peptides on amorphous silica particles.9, 10,26 These contributions include ion pairing between 
positively charged groups in the peptides and siloxide groups on the silica surface accompanied 
by neutralization of the ζ-potential, hydrogen bonds, van-der-Waals interactions with the surface, 
and conformation effects. The significance of each of these adsorption modes was found to 
depend on experimental conditions such as pH, peptide sequence, and silica surface chemistry. 
As a consequence, the nature and strength of the interactions can only be identified using 
dedicated molecular models that represent closely the experimental conditions. 
 The aim of this contribution is the atomic-scale visualization of the binding process and 
quantitative predictions of specific adsorption of peptides to all types of silica surfaces using 
computer simulations. A companion paper recently introduced accurate force field parameters 
and a detailed surface model database for silica,37 which are employed here in the form of the 
CHARMM-INTERFACE force field.26 This study focuses on the effects of pH and particle size 
that modulate ionization, surface structure, and specific peptide adsorption (Figure 1).9, 38-41 The 
chosen peptides include consensus silica binding sequences composed of seven amino acids with 
different net charge (-1, 0, +1) and hydrophilicity that were previously identified by phage 
display (Table 1).10 The chosen nanoparticles are of diameters 28 nm, 82, nm, and 210 nm, and 
have undergone characterization of their surface chemistry by BET, BJH, TGA, TEM, SEM, and 
ζ-potential measurements (Figure 1).42 
 The outline of this paper is as follows. The recently introduced force field and surface model 
database for silica interfaces are briefly reviewed (section 2). Specific peptide adsorption, 
binding free energies, and mechanisms of interaction with silica surfaces are described as a 
function of pH and particle size, illustrating predictive details from simulation (section 3). A 
summary of the major results and conclusions follows at the end (section 4). The Supporting 
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Information provides full details of computational and experimental methods, experimental data 
employed for validation, as well as further information (sections S1 to S4). 
 
 
Figure 1. Electron microscopy images of amorphous silica nanoparticles of different size from 
Stöber-type synthesis, and the effect of pH and particle size on surface ionization (from refs. 
42,37). (A-D) TEM and SEM images for nanoparticles of average sizes 28, 82, 210, and 500 nm 
(ref. 42). Silica nanoparticles of size 28 nm are less dense and poorly defined in comparison to 
spherical larger particles. (E) Schematic relationship between surface ionization, pH, and particle 
size. Large nanoparticles contain Q2/Q3 surface environments, medium size and smaller 
nanoparticles contain mostly Q3 environments. The amount of SiO‒Na+ groups per nm2 is shown 
at an ionic strength of 0.1-0.3 mol·dm-3 (see further details in Table S1 and original data in refs. 
9, 38-41). 
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Table 1. Sequence, charge, isoelectric point, and hydrophilicity of the selected peptides, 
identified by phage display.10 
Peptide name Sequence Net charge at pH=7.4 pIa Hydrophilicitya 
S1 K+LPGWSG · Cl– +1 9.8±0.2 -0.3 
S2 AFILPTG 0 5.8±0.2 -1 
S3 LD–HSLHS · Na+ -1 6.1±0.1 -0.1 
a Values close to zero correspond to hydrophilicity and values close to -1 hydrophobicity. 
Calculated according to ref. 42. 
 
2. Recent Developments in Modeling and Simulation of Silica Interfaces 
A companion paper introduced a force field and a surface model database for silica to simulate 
bulk, surface, and interfacial properties in atomic resolution.37 This work discusses chemical 
bonding and surface features of silica in depth to enable quantitative studies of silica-
biomolecular interfaces at the scale of 1 nm to 100 nm under realistic solution conditions. Major 
improvements in the force field include the chemically consistent representation of ionic versus 
covalent bonding in silica, incorporation of full details of surface chemistry, surface ionization, 
as well as validation of interfacial properties in ~5% agreement with experiment, down from up 
to 500% error previously. Prior force fields often required fixed atoms to avoid collapse of the 
models in the simulation, neglected the pH dependence of the surface chemistry, and involved 
other drastic approximations so that even approximate predictions of specific binding of 
biomolecules were essentially impossible.43-56  
 The new, thermodynamically consistent silica parameters are compatible with comprehensive 
harmonic force fields for biopolymers, organic molecules, and inorganic compounds such as 
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CHARMM, AMBER, PCFF, COMPASS, CVFF, and INTERFACE.26, 37 The compatibility 
enables insight into a limitless number of silica hybrid materials by the possible combination of 
thousands of distinct silica surface structures with billions of distinct biopolymers, surfactants, 
and receptor molecules across a wide range of concentrations and solution conditions. A surface 
model database covers experimentally observed surface chemistries of all types of silica and aids 
in the preparation of customized nanostructures for given conditions (Table S1).37 
 The novel features of the force field and of the surface model database are summarized more 
inclusively as follows: (1) full atom mobility, (2) reproduction of the lattice parameters of 
crystalline silica, (3) coverage of the full range of surface chemistry with Q2, Q3, Q4, amorphous, 
and porous environments, (4) coverage of the full range of surface ionization corresponding to 
surface type and pH, (5) agreement of computed immersion energies, contact angles of water, 
and adsorption isotherms with laboratory measurements (using common SPC and TIP3P water 
models), (6) correlation of cation dissociation with measured ζ-potentials as a function of pH and 
nanoparticle size, (7) full compatibility with many harmonic energy expressions (see above). 
These features are described in ref. 37. The present contribution illustrates that the accurate 
reproduction of the structure and interfacial properties of pristine silica provides a solid 
foundation for realistic simulations of complex silica-organic and silica-biomolecular interfaces. 
The improvements in accuracy up to two orders of magnitude over earlier models9, 32, 53, 57-64 
result from the precise implementation of chemical details in the INTERFACE force field,26 as 
also shown for other inorganic-organic interfaces.9, 21, 25, 29, 30, 65-72 
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3. Results and Discussion 
 3.1. Specific Peptide Adsorption as a Function of pH. The three peptides shown in Table 1 
and silica nanoparticles of 82 nm uniform size (Figure 1b) were chosen to investigate the impact 
of pH on specific peptide adsorption. Extensive experimental characterization of the silica 
surfaces by BET, TGA, and ζ-potential measurements as well as of peptide adsorption by 
adsorption isotherms is available (Figures S1 to S3).10, 42 The nanoparticle surfaces at pH values 
of 3, 5, 7.4, and 8.5 were represented by regular Q3 silica surfaces with specific degrees of 
ionization of silanol groups Si–OH to siloxide groups SiO– ··· Na+ (Figure 2).10 The degrees of 
ionization are 0%, 9%, 18%, and 50%, respectively (see details in Table S1). 37 The chemical 
appearance of these surfaces differs significantly, leading to an amount of dissociated cations of 
0, 0.27. 0.45, and 0.30 cations per nm2, whereby the value of 50% silanol ionization corresponds 
to maximum ionization of the silica surface somewhat above pH 8.5.37 The pH values of the 
peptides were represented by the appropriate charge state of pH-sensitive residues (N-terminus, 
K, D, H, N-terminus) and addition of oppositely charged ions to maintain overall charge 
neutrality when needed (Na+, Cl-). 
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Figure 2. Silica model surfaces for different pH and particles of different size in top view. (a-d) 
Regular Q3 surfaces with 4.7 SiO(H, Na) groups per nm2 and different amount of SiO-Na+ groups 
represent pH values of 3, 5, 7, and 9 for 82 nm size nanoparticles. (e) The regular Q2/Q3 surface 
with 6.5 SiO(H, Na) groups per nm2 and 20% ionization represents 210 nm size particles at pH 7. 
High area density of both SiOH and of SiO-Na+ groups results in stronger adsorption of all 
peptides. Models for particles of 28 nm and 82 nm size at pH 7 correspond to (b) and (c). (f) 
Summary of correspondence of chosen models to pH and particle size near physiological ionic 
strength. 
 
 Large-scale parallel molecular dynamics simulations of the three peptides on the silica 
surfaces were then carried out, including multiple independent start conformations, thermal 
annealing, and total simulations times in excess of 20 ns (Figures 3 and 4, see details in section 
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S1).73 A very good correlation between the amount of adsorbed peptides in the adsorption 
isotherm (Figure 3a)10 and the percentage of time close to the surface in the simulations was 
observed (Figure 3b) without any further assumptions. Close contact of the peptides was thereby 
defined as a distance of less than 3 Å from the surface oxygen atoms. Computed adsorption 
energies  and computed adsorption free energies  also correlate with the adsorbed 
amount of peptide in experiment (Table 2). Values further below zero correspond to attraction 
and a larger amount adsorbed. Nearly equal values of adsorption energies and adsorption free 
energies are notable, whereby computed adsorption free energies are shown only for the cationic 
peptide KLPGWSG due to the high computational cost of umbrella sampling and steered MD 
(Table 2 and section S1). Using the relation , it is found that net entropic 
contributions to adsorption CST  are small, essentially within the uncertainty of 2 kcal/mol. 
Therefore, the adsorption energy  is a good first approximation for the free energy of 
binding  of short peptides. Similar suggestions were made earlier for the binding of peptides 
on metal and silica surfaces in aqueous solution.9,22, 67, 73 The present quantitative data therefore 
confirm a certain entropy loss of the peptide upon adsorption due to decreased conformational 
freedom, which is compensated, or slightly overcompensated, by the release of surface-bound 
water that gains translational and rotational mobility. Computed binding free energies  of 0, 
-1, -6, and -8 kcal/mol (±0.5 kcal/mol) on 0%, 9%, 18%, and 50% ionized surfaces also agree 
with binding free energies  in a range -4 to -7 kcal/mol for peptide KLPGWSG derived from 
the adsorption isotherms (Table S2). The experimental values  were derived from 
approximate binding constants  according to , and uncertainties are also 
difficult to reduce below ±2 kcal/mol (section S1.4).10 In addition, computed adsorption energies 
DEC CF
DFC =DEC -TDSC
DEC
CF
CF
AF
AF
AK AA KRTF ln
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correlate with the experimental threshold concentration of peptides to achieve significant 
adsorption (section S3). 
 
 
Figure 3. Peptide adsorption on silica nanoparticles of average diameter 82 nm with 4.7 silanol 
groups per nm2 as a function of pH by measurement and simulation. (a) Adsorbed amount of 
three peptides of different charge as a function of pH at 1 mM initial concentration (from ref. 10). 
(b) Percentage of time the same peptides spend in close contact with Q3 silica surfaces of 
different ionization according to simulation (<3 Å). Different pH states of the surface are 
embodied in the model by differences in silanol ionization. 
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Table 2. Computed energy of adsorption of the peptides on Q3 silica surfaces of different pH 
value according to molecular dynamics simulation (±2 kcal/mol). Computed free energies of 
adsorption are also shown for KPLGWSG (±0.5 kcal/mol).  
Peptide 
(charge at pH 7) 
 
 
Adsorption energy (kcal/mol) 
pH~3 
(0% ionized) 
pH~5 
(9% ionized) 
pH~7.4 
(18% ionized) 
pH>8.5 
(50% ionized) 
KLPGWSG (+)  -1  -1 -3 -7 
KLPGWSG (+) - Free energy 0 -1 -6 -8 
AFILPTG (=)  +3 +1 +3 +4 
LDHSLHS (-)  -2 +1 +2 +4 
  
 A major benefit from the simulation is access to structural information on the atomic scale 
(Figure 4 and Table 3). Visualizations (Figure 4) and time-averaged information on the 
proximity of individual residues and residence times on the surface (Table 3) explain the 
mechanism of selective adsorption. The positively charged peptide KLPGWSG is more attracted 
to surfaces at higher pH that carry an increased negative charge per area (Figure 3). On the 50% 
and 18% ionized surfaces, i.e., at pH 9 and 7, the peptide is anchored to the surface by the 
ammonium groups of the N-terminal and the K1 side chain for more than 80% of the time 
(Figure 4a). At lower ionization of 9% and 0%, i.e. at pH 5 and 3, electrostatic interactions 
through ion pairing are diminished and hydrogen bonds of the OH groups of S6 and of 
ammonium groups on N-terminal K1 with the silica surface increasingly contribute to adsorption 
(Figure 4b, c). In addition, close contacts of L2, P3, and W5 side chains with the surface are seen 
(Table 3). Hydrophobic residues have thereby no intrinsic affinity to the silica surface; their 
 
13 
surface attachment mainly diminishes disruptions of the hydrogen-bonded structure of liquid 
water. Near-neutral silica surfaces therefore attract hydrophobic residues to concentrate 
unfavorable hydrophobic (van-der-Waals) interactions directly at the surface, however, hydration 
shells of siloxide ions and cations keep hydrophobic residues away on ionized silica surfaces. 
The time-averaged adsorbed conformation of the positively charged peptide KLPGWSG, 
therefore, changes from anchor-like with strong contribution by ammonium groups on highly 
negatively charged surfaces (Figure 4a) to flat-on arrangements with higher mobility (Figure 4c) 
and more contact of polar and hydrophobic functional groups on the less ionized surfaces (L2, 
P3, W5). 
Adsorption of the overall neutral peptide AFILPTG was weaker than for KLPGWSG and 
statistically not affected by changes in surface ionization and pH (Figure 3). Interactions with the 
50% ionized surface, which exceed the experimental surface charge, were found to be slightly 
more repulsive than in experiment (Table 3). On all other surfaces, the peptide was in contact 
with the silica surface at least 40% of the simulation time through the N-terminal ammonium 
group by electrostatic forces (ion pairing) as well as through hydrogen bonds that involve the 
carboxylate of the C-terminal and the OH group in T6 in contact with surface silanol groups 
(Figure 4d). Additional hydrophobic interactions were observed through the phenyl ring in F2, 
the L4 side chain, and the ring of P5 in agreement with experimental observations (Figure 4e and 
Table 3).10 
The negatively charged peptide LDHSLHS showed less time in contact with most surfaces 
than the other two peptides and adsorption decreased with higher density of negative charge 
(Figure 3, Table 3). This peptide also notably changes its own charge from approximately -1.5 at 
pH 8.5 to +2 at pH 3. 42 Direct contact with the highly ionized surface at pH 8.5 amounted to 
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only 20% of simulation time (Figure 4f) and increased to above 40% of simulation time for 18% 
and 9% ionized silica surfaces respectively (Figure 4g). The N-terminus of L1 and hydroxyl 
groups in S7, as well as some hydrophobic groups approach the surface at lower pH (Table 3). 
At the point of zero charge, the peptide is in close contact with the surface for more than 60% of 
simulation time, including protonated H3, H6, and temporarily all residues (Figure 4h). 
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Figure 4. Selected conformation of three peptides of different charge on Q3 silica surfaces for a 
series of pH values according to simulation. The surfaces represent silica particles of 82 nm size 
with 4.7 SiO(H, Na) groups per nm2 and variable ionization. (a-c) The positively charged peptide 
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KLPGWSG, (d,e) the overall neutral peptide AFILPTG, (f-h) the negatively charged peptide 
LDHSLHS. Amino acids with significant surface interactions are highlighted. Close contact with 
the surface as shown occurs between >90% (a) and 20% (f) of time depending on affinity. 
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Table 3. Adsorption strength of peptides bound to Q3 silica surfaces at different pH values, characterized by the 
percentage of simulation time in close contact with the surface, i.e., <3 Å vertical distance from the superficial layer 
of silanol oxygen atoms. Amino acids are ranked in the order of proximity to the surface with the closest first. 
Statistical uncertainties in time averages are 5%.  
 
 
Peptide 
                  pH~3                                     pH~5                               pH~7                          pH>8.5 
          (0% ionized)                          (9% ionized)                   (18% ionized)              (50% ionized)       
Time 
% 
Closest residues  Time 
% 
Closest 
residues  
Time 
% 
Closest 
residues 
Time 
% 
Closest 
residues 
KLPGWSG 
(+) 
30 W5, K1, N-terminal, 
P3, S6 (hydrophobic 
interactions dominate 
at lower ionization)  
65  N-term, 
K1>>C term 
>L2, W5, P3 
75 N-term, K1 
>>C-term, 
S6>>P3, 
W5, L2 
90 N-term, 
K1>>C-
term> S6, 
W5 
         
AFILPTG 
(=) 
50 N-term, C-term, T6, 
F2, L4, I3, P5 
50 N-term> C-
term, T6, F2, 
L4, I3, P5 
40 N-term> C-
term, T6, F2, 
L4, I3 
30 N-term> C-
term, T6> 
F2> L4, I3 
         
LDHSLHS 
(−) 
60 N-term, C-term, S7, 
D2, S4, H3, H6, L1, 
L5 
40 N-term, C-
term, S7, 
D2, S4, H3 
H6, L1, L5 
40 N-term, C-
term > S7, 
D2, S4, H3, 
H6, L1, L5 
20 N-term, C-
term > S7, 
D2, S4, H3, 
H6, L1, L5 
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In summary, molecular dynamics simulation with the new silica force field predicts peptide 
adsorption as a function of pH in remarkable correlation with experiment, and contributions to 
binding can be traced in atomic detail. Ion pairing, hydrogen bonds, and hydrophobic 
interactions, as well as conformation effects (especially for longer peptides and proteins) 
contribute to selective binding.9  Electrostatic and polar interactions are thereby stronger than 
hydrophobic interactions. Hydrophobic interactions become significant at lower degree of 
surface ionization and involve many binding sites throughout the peptide chain, driven by the 
separation of hydrophobic groups from the aqueous phase onto the surface. The contribution of 
each binding mode can be quantified and visualized for specific surface conditions and 
biomolecules. Changes in proton distribution on the peptides such as across L1, D3, H3, H6, and 
S7 residues of LDHSLHS are also essential to understand selective adsorption as a function of 
pH. Future studies may also explore simulations with multiple adsorbed peptides corresponding 
to higher initial peptide concentration. 
3.2. Specific Peptide Adsorption as a Function of Silica Nanoparticle Size. In this section, 
it is shown how the same approach can be applied to understand specific peptide binding to silica 
particles of variable size (Figure 1). Silica nanoparticles of different synthetic origin are 
generally distinguishable by differences in surface chemistry and topology, and in turn attract 
highly dissimilar peptides.9, 10, 37, 42, 74 A common example is Stöber-type silica nanoparticles of 
different size that are produced using different amounts of ammonia to hydrolyze precursors, and 
in turn attract peptides of less than 20% sequence similarity at the same pH value.9 ζ-potential 
measurements show that larger silica nanoparticles exhibit more surface ionization and a lower 
point of zero charge (Figures 1 and S1), thus attracting peptides of higher positive charge (higher 
isoelectric point pI).9, 37, 42 Qualitatively, this relation was previously verified by molecular 
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simulations, which showed that combinatorially selected peptides binding to 82 nm particles 
(pep 1, KSLSRHDHIHHH, pI 8.8) were less attracted to 450 nm particles, and combinatorially 
selected peptides binding to 450 nm particles (pep4, MHRSDLMSAAVR, pI 9.4) were less 
attracted to 82 nm particles.9 The surfaces were then approximated as ionized Q3 environments 
for 82 nm particles and as ionized Q2 environments for 450 nm particles, respectively, using the 
PCFF-SILICA force field (please refer to Table S1 for details of the surface chemistry of silica 
particles of different chemistry and size).37 
Recent further characterization by TEM, SEM, BET, BJH, TGA, XPS, and ζ-potential 
measurements quantified size-dependent differences in surface chemistry, including the area 
density of silanol groups (silanol number), the degree of ionization, surface morphology, and 
porosity (Figure 5a, see details in section S2).42 Therefore, silica nanoparticles of 28, 82, and 210 
nm size and the same set of peptides as above (Table 1) were chosen to evaluate the influence of 
particle size on specific peptide adsorption at a constant pH value of 7.4 (Figure 5b). 
Quantitative affinity predictions by molecular dynamics simulations are in good agreement with 
measurements (Figure 5c), although differences for poorly defined surfaces of 28 nm particles 
are also noted. 
A critical aspect hereby is the use of realistic surface models. TEM and SEM measurements 
show the irregular, “spongy” structure of 28 nm nanoparticles in contrast to the well-developed 
spherical geometry of larger particles (Figure 1a-d). Due to the lack of specific information, 
regular surfaces were nevertheless assumed for simplicity. For 82 nm and 210 nm particles with 
some mesoporosity or negligible porosity, respectively, regular surface topography on the 5 nm 
scale is a good approximation. Differences in total SiOH area density and surface acidity 
according to TGA and ζ-potential measurements are significant (Figure 5a)42 and were 
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appropriately matched to the area density of silanol groups and ionization in the surface models 
(Figure 2). The small and medium size particles of 18 nm and 82 nm size were accordingly 
represented by regular Q3 surfaces with a silanol density of 4.7 groups per nm2 with 9% and 18% 
ionization, respectively, consistent with data about the pzc and surface titration (Table S1).9, 38-41 
The nanoparticles of 210 nm size were represented by a mixed Q2/Q3 surface with a silanol 
density of 6.5 groups per nm2 and 20% ionization, accounting for higher silanol density and 
lower pzc. The cation density per unit area was thus 54% higher in 210 nm particles than in 82 
nm particles. Nanoparticles of 500 nm size could be represented by the same mixed Q2/Q3 
surface with ~30% ionization (2.0 SiO– Na+ groups per nm2), which further increases peptide 
adsorption without a significant change in ζ-potential.37 
 Details of the adsorption mechanism of the peptides as a function of particle size can be 
inferred from the percentage of time in contact with the surface (Figure 5), conformations in 
contact with the surface (Figure 6), and the ranked list of proximity of individual residues (Table 
S3). Adsorption of all three peptides increased towards larger particles, i.e., towards higher 
surface ionization at pH ~7.4. The variable surface charge of Stöber-type silica particles of 
different size tunes the adsorption mechanism and selective binding of biomolecules similar to 
the effect of variable pH (Figure 2).  
On the surfaces attributed to the largest particles (210 nm), binding is dominated by 
electrostatic interactions (Figure 6a, d, g and Table S3). Also, the contribution by hydrogen 
bonds was significant due to the high total silanol density and surface acidity of the silica 
surfaces. N-termini of all peptides and the positively charged ammonium group of K1 in 
KLPGWSG were the primary functional groups that account for peptide adsorption. Hydrogen 
bonds also involved C-termini in all peptides for significant percentages of time, as well as S6 in 
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KLPGWSG, T6 in AFILPTG, and S7, D2, S4, H3, and H6 in LDHSLHS. Weaker, intermittent 
hydrophobic interactions were also observed as a result of peptide exclusion from the solution 
towards the surface, particularly for the AFILPTG peptide with hydrophobic moieties in side 
chains of F2, I3, L4, P5, and T6 residues. Notably, even the negatively charged peptide 
LDHSLHS was somewhat drawn to the surface, and hydrophobic groups in all peptides were 
comparatively distant from the surface due to strong surface-water interactions. 
On the surfaces attributed to smaller 82 nm particles, represented by pure Q3 models with 4.7 
SiO(H, Na) and 18% ionization, the significance of ion pairing and hydrogen bonds decreased, 
resulting in lower affinity of all three peptides (Figure 6b, e, h and Table S3). The most attracted 
residues are similar to those seen for 210 nm particles, however, the percentage of time being 
anchored and exposed to the surface was reduced. Amongst the three peptides, the adsorption of 
AFILPTG on the surface of 82 nm particles had the sharpest decrease in binding from ~70% on 
to ~40% of time in close contact, which was mainly associated with the decrease in attraction of 
the peptide N-terminus. 
On silica surfaces representing 28 nm nanoparticles, the adsorption of peptide KLPGWSG 
decreased somewhat further due to less electrostatic attractions. Adsorption of AFILPTG 
occurred intermittently for ~50% of simulation time primarily mediated by hydrophobic groups, 
and proximity of LDHSLHS was observed ~40% of simulation time through hydrogen bonds 
(Figure 6c, f, i). The adsorption mechanism on the surfaces of smaller silica particles involved 
less ion pairing, less hydrogen bonds, and increasingly hydrophobic interactions, similar to 
adsorption at low pH. 
As mentioned above, the experimentally measured adsorption for the 28 nm samples is 
substantially lower than the affinity predicted by molecular dynamics simulation on idealized 
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regular surfaces (Figure 5b,c). Thereby, the relative trend in peptide attraction is still consistent 
between measurements and simulation. The authors believe that structural irregularities (Figure 
1a) make much of the internal, nitrogen-accessible surface area in BET measurements 
unavailable to peptide adsorption, which was reported relative to the BET area in measurements 
(Figure 5, Figure S3, section S2). Previous studies also report poor definition and plasticity, as 
well as incomplete dissociation of organic precursor groups for Stöber-type silica particles 
smaller than 50 nm.75 The disproportionately weak adsorption of peptides in experiment (Figure 
S3) may thus be related to overestimated surface area and partly to the presence of some residual 
hydrophobic organic groups on the silica surface (see more details in section S4). Certainly, 
more work is needed to consolidate poorly defined silica nanostructures with representative 
models. 
In summary, computational predictions of biomolecular binding as a function of particle size 
correlate well with measurements. Close correspondence of true surface chemistry and 
morphology to the representation in models is thereby essential. The demonstrated sensitivity 
enables binding predictions for numerous existing and novel silica morphologies, as well as the 
elucidation of irregular silica structural models consistent with experimental information on 
structure and binding that often remains incomplete. 
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a 
Information from experiment  Model 
Particle 
size (nm) 
Porosity BET surface  
area (m2/g) 
SiO(H, Na) 
(nm-2) 
pzc 
 
 SiO(H, Na) 
(nm-2) 
Ionization  
(%) 
210 Non-porous 21 6.5 (1) 2.2 (2)  6.5 (Q2/Q3) 20 
82 Mesoporous 65 4.5 (1) 2.4 (2)  4.7 (Q3 np) 18 
28 Irregular, porous 243 4.5 (1) 3.1 (2)  4.7 (Q3 np) 9 
 
Figure 5. Adsorption spongy of peptides on silica nanoparticles of different size with particular 
surface features in experiment and simulation at pH = 7.4. (a) Nanoparticle characteristics (from 
ref. 42) and corresponding model assumptions (np=non-porous). (b) Adsorbed amount of three 
peptides of different charge per BET surface area in experiment at 1 mM initial peptide 
concentration. (c) Percentage of time that peptides are in direct contact with the surface (<3 Å) in 
the simulation. The agreement is good, and the high impact of irregularity on adsorption is seen 
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for the 28 nm particles (poor particle definition in experiment b versus ideal regular surfaces in 
simulation c). 
 
 
Figure 6. Selected conformations of three peptides of different charge on silica surfaces 
representing nanoparticles of 210 nm, 82 nm, and 28 nm sizes at pH ~ 7. (a-c) The positively 
charged peptide KLPGWSG, (d-f) the neutral peptide AFILPTG, (g-i) the negatively charged 
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peptide LDHSLHS. Amino acids with significant surface interaction are highlighted. The actual 
percentage of time in close contact with the surface varies between 90% (a) and 40% (e, h, and i) 
depending on affinity (see Table S3). 
 
4. Conclusions 
In conclusion, specific silica surface models of different degree of ionization were employed to 
study the adsorption of various peptides as a function of pH and particle size. Data from 
adsorption isotherms and from molecular simulation were found to be in very good correlation, 
showing that the INTERFACE-CHARMM force field and a surface model database26, 37 are 
suitable to predict selective adsorption in atomic resolution. 
 The results also reiterate the mechanism of adsorption and rationally explain the contribution 
of different factors in the context of the surface chemistry and charge states of silica and 
peptides. The contributions to selective adsorption involve ion pairing, hydrogen bonds, 
conformation effects, and hydrophobic interactions. A higher pH value in the solution results in 
higher negative charge density on the silica surface and shifts adsorption towards positively 
charged peptides, diminishing the attraction of negatively charged peptides, the influence of 
hydrogen bonds and hydrophobic interactions. pH had little effect on neutral peptides, which 
were more weakly bound by hydrogen bonds and hydrophobic interactions. At lower pH, 
binding differentials between all peptides diminish and hydrophobic residues increasingly 
interact with the surface. Binding of the same peptides to three batches of silica nanoparticles of 
different diameters showed stronger adsorption on larger particles with higher surface silanol 
density (Q2/Q3 environments), surface ionization, and absence of porosity. Weaker hydrophobic 
interactions on less ionic surfaces originate from the exclusion of peptides from the aqueous 
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phase to minimize disruptions of the network of hydrogen bonds. The different contributions to 
binding are tunable in customized proportions and can be evaluated by molecular dynamics 
simulation. Poor definition and “sponginess” of small (28 nm silica) nanoparticles showed much 
reduced peptide attraction, in part related to limited accessibility of the BET surface area. 
 While the force field accurately predicts binding of biomolecules for the chosen conditions, 
the representation of silica surface structure in the models must be handled with care. The 
feasibility of predictive simulations can be applied to a wide range of surface chemistry and 
topology, multiplied by a huge number of specific biomolecules and adsorbents, to engineer 
silica materials for desired performance at the atomic scale. In combination with new synthesis 
and characterization methods, computations can reduce the time spent on trial-and-error based 
chemistry. The models can be applied to screen the binding and release of drug molecules to 
customized silica nanostructures, evaluate silica nanoparticle interactions with specific receptors 
on cell surfaces, track the adsorption of gases in silica glasses and zeolites (using complementary 
parameters for aluminosilicates),26 and assess the self-assembly of silica nanostructures, polymer 
and hydrogel composites at given pH, ionic concentration, and temperature. 
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